Offline Decoding of Upper Limb Muscle Synergies from EEG Slow Cortical Potentials by Beuchat, Nicolas et al.
  
 
Abstract— Muscle synergies are thought to be the building 
blocks used by the central nervous system to control the 
underdetermined problem of muscles activation. Decoding these 
synergies from EEG could provide useful tools for BCI-
controlled orthotic devices. In this paper, we assess the 
possibility of decoding muscle synergies from EEG slow cortical 
potentials in two healthy subjects and two stroke patients 
performing a center-out reaching task. We were able to 
successfully decode the extracted muscle synergies in both 
healthy subject and one patient.  
I. INTRODUCTION 
It has been hypothesized that when moving our limbs, our 
muscles are controlled as a group , [1]. According to this, a 
lower dimensional descending neural signal is possibly 
integrated in the spinal cord before reaching the muscles. 
This neural signal will thus govern the co-activation of 
several muscles in what has been termed a muscle synergy. 
Complex movements are then the result of a weighted 
combination of a few synergies. Decoding muscle synergies 
from EEG could be a useful tool to control a robotic 
prosthesis. Indeed, muscle synergies contain information 
about the kinematics and dynamics of the arm. 
Previous studies have shown that movement parameters, 
including 3D hand kinematics and onset, can be relatively 
well decoded from EEG slow cortical potentials (SCPs) 
[2][3]. We hypothesize that the same signals might contain 
information about the synergies. In order to test this, we first 
extract muscle synergies from EMG data of two healthy 
subjects and two stroke patients during a planar reaching 
task. We decode the extracted muscle synergies from SCPs 
using a Linear Decoding Model. We finally compare the 
decoding performance of muscle synergies and kinematics. 
II. MATERIALS & METHODS 
A. Experiments 
Two healthy subjects (25 and 26 years old) and two stroke 
patients (Left cerebellar hemorrhagic stroke, left paretic arm, 
2 months post-stroke, 50 years old; and left nucleo-capsular 
stroke, right paretic arm, 2 years post-stroke, 61 years old) 
were asked to perform center-out planar reaching movements 
to four targets, 10cm away from the center, while holding the 
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PHANTOM robotic arm, which recorded the kinematics at 
100Hz. For each arm, subjects performed three runs each 
containing 80 trials (20 trials per target) (See [3] for details). 
Scalp EEG were recorded for 64 electrodes (10/20 
international system) at 2048Hz. Electrooculograph signals 
(EOG) were recorded at the same sampling frequency with 
three electrodes positioned above the nasion, and below the 
outer canthi of the eyes. Raw EEG and EOG signals were 
low-pass filtered at 50Hz (Butterworth, 4
th
 order, zero-
phase), resampled to 100Hz, high-pass filtered at 0.2Hz 
(Butterworth, 4
th
 order, zero-phase), and low-pass filtered at 
1Hz (Butterworth, 4
th
 order, zero-phase). EEG signals were 
corrected for EOG activity by removing the best fit of the 
EOG signals on each EEG channel with multiple linear 
regression [4]. Each EEG channel was normalized to have 
zero-mean and unit standard deviation on the whole signal. 
EMG signals were recorded at 1 KHz for 16 muscles of 
the upper arm, forearm, shoulder, upper back and chest. Raw 
EMGs signals were high-pass filtered at 50Hz (50
th
 order 
FIR, window-based), rectified, low-pass filtered at 20Hz 
(50
th
 order FIR, window-based), down-sampled to 100Hz, 
detrended and baseline corrected based on resting epochs 
between trials.  
Probably due to muscle fatigue, the EMG baseline level 
was not constant over the whole experiment in patients. 
Therefore, we first segmented each run in 3 segments (about 
3 min each) and identified rest epochs in each segment using 
a K-means algorithm (K > 2) [5]. Then, we linearly 
detrended the signal using a linear regression for each run 
using only the data points in rest epochs. 
After detrending, we removed the baseline muscle 
activation level for each muscle. We identified the episodes 
where a muscle was inactive using again a K-means 
algorithm (K > 2) where each point was clustered by taking a 
window around it (25 samples). The cluster containing the 
rest EMG value was identified as the cluster with the 
smallest centroid norm. Baseline muscle activation was 
determined by taking the peak of the distribution of the 
cluster containing rest EMG. 
Processed EMGs were further normalized to have unit 
variance so that synergies extraction would not be biased 
towards describing only high-amplitude muscles [6],[7]. 
B. Time-varying synergies 
Muscle activation (EMG) can be represented in a lower 
dimensional space by the sum of M continuous positive 
activation coefficients multiplied by their fixed positive 
weight vector [8]: 
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where M is the number of synergies, c the activation 
coefficient, w the synergies weights, and  the residuals. 
We estimated the synergies using the Non-Negative Matrix 
Factorization algorithm using half of the trials as training set 
[9][10][11]. The number of synergies was chosen so that the 
reconstruction R
2
 of the remaining trials exceeded 80%. The 
procedure was repeated 10 times with different training and 
testing sets. Once the number of synergies has been 
identified, the synergies weights and activation coefficients 
were extracted using all trials [12]. 
C. Decoding 
To continuously decode muscle synergies and hand 
kinematics from EEG signals, we used the following linear 
decoding model, similar to [2]: 
 
where ci is the activation coefficient of the i
th
 synergy, a and 
b are weights obtained from multiple linear regression, L is 
the number of lags (L=10), and N is the number of EEG 
sensors used (N=16). We selected electrodes located 
bilaterally over the motor cortex (Fz, FC3, FC1, FCz, FC2, 
FC4, C3, C1, Cz, C2, C4, CP3, CP1, CPz, CP2, and CP4). 
The same decoding model was used for decoding hand 
kinematics for each Cartesian coordinate where ci was 
replaced by the end-effector velocity. In addition, we applied 
the same technique to decode kinematics from synergies 
where the EEG signals were replaced by the synergies 
activation coefficients.  
Decoding performance was assessed by an 8-fold cross-
validation. The performance measure is the Pearson’s 
correlation coefficient between the decoded synergies or 
kinematics and the actual signal. We computed the chance 
level by shuffling the input trials for training the decoder. 
We repeated the procedure 1000 times to get a distribution 
of decoding performance from random inputs and computed 
the one-sided 95% confidence interval as the chance level. 
III. RESULTS 
A. Number of synergies 
The number of synergies required to obtain a 
reconstruction R
2
 of 80% on the test set are given in Table I. 
TABLE I.  NUMBER OF SYNERGIES 
Arm 
Number of synergies 
Healthy 1 Healthy 2 Patient 1 Patient 2 
Left 7 7 10a 9 
Right (dominant) 7 7 9 9a 
a. Paretic arm 
B. Decoding kinematics from synergies 
We first decoded kinematics from the synergies activation 
coefficients low-pass filtered at 1, 2, 5, 10, or 20 Hz 
(Butterworth, 4
th
 order, zero-phase). This allows us to 
determine whether high-frequency components of the 
synergies signals are relevant. The results of this decoding 
are given in Fig. 1. Filtering at 1Hz gave the best decoding 
accuracy (p<0.01, Paired sample Wilcoxon test, N=8). 
Therefore, for the rest of the paper, we use a low-pass filter 
at 1Hz on the synergies signal that we decode from EEG.  
 
Figure 1.  Decoding kinematics from synergies low-pass filtered at 
different cutoff frequencies. Significant differences were assessed using a 
Paired sample Wilcoxon test (N=8). *: p<0.05; ** p<0.01. 
 
Figure 2. (A) Mean synergies weight coefficients extracted for both arms of 
the two healthy subjects. Synergies across arms and subjects were matched 
by normalized dot product similarity and averaged [12]. The similarity for 
each synergy is indicated above each synergy. Each column corresponds to 
one synergy and each row to one of the recorded muscles. (B) Mean 
decoding performance (8-fold CV) of the kinematics and synergies 
activation coefficients. Error bars indicate the minimum and maximum 
performance for each decoded signal. 
  
C. Decoding synergies and kinematics from EEG slow 
cortical potentials in healthy subjects 
The mean synergies weights coefficients for the healthy 
subjects are shown in Fig.2A. We see that synergies weights 
tend to cluster by anatomical position such as forearm, back, 
etc. Fig. 2B shows the decoding performance of the 
kinematics and synergies decoded from EEG slow cortical 
potentials. In both cases, decoding performances exceeds 
chance level.  
D. Decoding synergies and kinematics from EEG slow 
cortical potentials in stroke patients 
The extracted synergies weight coefficient for the paretic 
and non-paretic arms as well as the decoding performance of 
the kinematics and synergies activation coefficients of two 
stroke patients are presented in Fig. 3.  
IV. DISCUSSION & CONCLUSION 
This pilot study provides evidence on the possibility of 
decoding muscle synergies from EEG SCPs. We report 
results with two healthy subjects and two stroke patients 
performing a planar center-out reaching task. This allows us 
to analyze this task at different levels: cortical, muscular, and 
kinematic. It also allows us to understand what information 
is conveyed from one level to the next.  
Regarding kinematics decoding performances, our results 
were on average slightly higher (rx=0.29, ry=0.43, rz=0.41) 
than previous studies [2] (rx=0.19, ry=0.32, rz=0.38) and [13] 
(rx=0.37, ry=0.24). 
Notably, we showed that in healthy subjects, the decoding 
of most muscle synergies exceeds chance level and yields 
performances close to that of the kinematics. The lowest 
classification (slightly higher than chance level), was 
obtained for the synergies controlling the back muscles. 
The extracted synergies in healthy subjects were stable 
across subjects (normalized dot product similarity of 73% or 
higher for 5 synergies) except for the synergies controlling 
the shoulder, flexor, and extensor muscles where the 
similarity was less than 60%.  
In the case of stroke patients, the decoding of the 
kinematics and synergies in the paretic arm of the patient 
with a left cerebellar hemorrhagic stroke was below chance 
level. Surprisingly, the decoding performance of the 
synergies in the non-paretic arm was higher than chance 
whereas the decoding of the kinematics was not. The very 
low decoding performance might be explained by the short 
time between the lesion and the experiment. For one patient 
with a left nucleo-capsular stroke, we have shown that the 
decoding of the kinematics is in the same range as for 
healthy subjects for both the paretic and non-paretic arm. For 
the synergies decoding, the performance were slightly lower 
than for healthy subject (paretic arm: r=0.09-0.29, non-
paretic arm: rmin=0.01-0.21). However, the number of 
synergies for patients was higher than for healthy subjects 
even for the non-paretic arm (3-4 additional synergies). This 
makes the comparison of synergies decoding difficult 
between patients and healthy subjects. In addition, the one-
to-one comparison of synergies decoding in patients might 
not be extremely relevant due to possible splitting and 
merging of synergies in the paretic arm [12]. 
We note that we only used 16 EEG channels on the motor 
cortex to decode both kinematics and synergies. In addition, 
we only used slow cortical potentials as a first attempt to 
decode synergies. Different frequency bands might be 
involved in the encoding of muscle synergies.  
In the future, we will assess kinematics decoding from the 
subset of the best decoded synergies. This would indicate 
which synergies are actually important to be decoded from 
EEG. In addition, we will test if similar subsets of synergies 
across subjects and limbs systematically yield comparable 
decoding accuracy. For example, we see from this two 
subjects analysis that the forearm, extensor, shoulders and 
flexors, and chest synergies are relatively well decoded 
(r=0.34, 0.34, 0.39, 0.31, and 0.31 respectively) while the 
synergies controlling the back muscles are not (r=0.14 and 
0.2). If further studies confirm this trend, this subset of 
synergies can be used as control input to to an exoskeleton or 
FES orthosis [14]. 
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